In this study, Marshall design test parameters of hot mix asphalt samples with various rates of Hydrated Lime (HL) content were modelled using Fuzzy Logic (FL) and Artificial Neural Networks (ANN). HL was used as an additive material in asphalt mixtures and it affects the properties of the mixture. The effect of this material varies depending on the rate of use and the asphalt content of the mixtures. With the Marshall Stability test, optimal Asphalt Content (AC) ratios in the mixtures were obtained. The effect of the HL additive, which was introduced precisely in the mixtures in a wide range, on the Marshall parameters and depending also on the asphalt content was investigated. For this purpose, 15 Marshall design sets were prepared by decreasing the ratio of the mineral filler in the mixture starting from 6.8% by weight, by 0.5% intervals, and replacing it with the same ratio of HL. In addition, 45 control samples were produced for soft-computation. Marshall test results showed that the use of HL additive with lower amounts in the mixtures yields better results compared to higher rates in terms of the material properties. The Marshall test results were used to develop the FL and ANN models. The models which were developed produced acceptable estimations of the mixture parameters.
INTRODUCTION
Deformations in flexible pavements are amongst the most important problems encountered in highway construction and operation. The main reasons for the deformations are excessive Note:
-This paper has been received on March 07, 2018 and accepted for publication by the Editorial Board on January 28, 2019. -Discussions on this paper will be accepted by January 31, 2020.  https://dx.doi.org/10.18400/tekderg.402816 traffic loads and environmental conditions such as the temperature change or exposure to water. These factors shorten the service life of the highways which is undesirable for both the users and administrators of the highways. Several methods have been implemented in order to prevent and control various deformations in flexible pavements. One method is to modify the bituminous mixtures used in the pavements. Various additives can be used for the modification process. Either the aggregate or the bitumen in the mixture can be modified according to the deformation problem encountered.
The use of hydrated lime (HL) in the modification of hot mix asphalt has an important place in the solution of problems encountered in pavements. There are many studies in the literature to determine the positive and negative effects of HL in mixtures [1, 2] . Not only the type, but also the amount of the additive, has an effect on the mixture. In this study, the filler amount has been gradually decreased in the mixture by substituting it with HL. In order to see the gradual effect of the HL, the changes are made in small percentage intervals. The Marshall Stability Test was applied to the samples which were prepared in accordance with standards [3] . Optimal Asphalt Content (AC) and the parameters that define the properties of the mixture (unit weight or practical specific weight (Dp), void filled with asphalt (VFA), Marshall Stability (MS), air voids (Va), voids in mineral aggregate (VMA), flow rate (F) and Marshall Quotient (MQ)) for each HL content have been obtained as a result of the tests. Practically speaking, estimation of the mixture parameters from the AC and HL percentages using soft computing methods is useful to obtain fast and realistic results to aid the decision making processes. In this study, FL and ANN models have been developed to estimate the mixture parameters from the AC and HL percentages introduced.
BACKGROUND
Bitumen mixtures have to provide the desired performance during their service life. The main physical and mechanical properties of bitumen mixtures are stability, durability, flexibility, resistance to fatigue and creep, impermeability and workability [4] . Many studies have been carried out to improve these properties. One of these methods is the usage of HL as an additive. Lime, which decreases both the moisture sensitivity and stripping, has been used as an additive in the US since 1910. Although HL has been recognized for its antistripping feature, recently other benefits have also been discovered. Resistance to wheel track formation, resistance to enlarging of low temperature cracks, increasing the rigidity, altering the oxidation properties of the binder, decreasing the aging stiffening, adjusting the moisture and increasing the stability by modifying the clay grains can be listed amongst them [1] . The main problems of hot mix asphalt pavements that are affected by the rheological properties of asphalt are stripping, deterioration and cracking [5] . Especially, some aggregate types have a tendency to strip. Temperature, heavy rainfall, freeze-thaw cycle and traffic loads have a great impact on the stripping feature. HL is the most effective stripping-preventive additive and is widely used for this purpose [1, 6, 7] . HL decreases the failure risk of the asphaltaggregate bond mechanically and has a positive effect on this problem even with lack of water in the environment [1, 6] . HL increases the tensile strength of the pavements [8, 9] by increasing the elasticity modulus of the mixture [10, 11] . It especially increases the strength by helping dispersion of the strains caused by traffic loads [12] . [13] [14] [15] [16] [17] [18] [19] [20] remark on the significant effect of HL on the decrement of permanent deformations. This effect helps to improve the stiffening properties and to resist wheel track formations [15, [21] [22] . HL alters the oxidation properties of the binder [23] , decreases ageing stiffening [15, 16, [24] [25] [26] and increases ageing performance [27] [28] [29] [30] [31] [32] . As moisture damage decreases the effective life period of the pavement by damaging its integrity, usage of HL increases the pavement life [33] up to 38% [34] . Various benefits of HL usage on hot mix asphalt have been reported under specific conditions (the type, origin and gradation of the aggregate used; the type, properties and amount of the binder; the type, amount, property and usage type of other additives; climate and temperature changes, project service life; and pavement load conditions, etc.); in this context, HL is defined as a multi-functional additive [1, 26, 35] .
In this study, FL and ANN models that estimate the Marshall test results from given AC and HL ratios have been developed. Soft computing methods are widely used in the literature on modeling hot mix asphalt properties. [36] used the Fuzzy Logic (FL) approach on investigating the fatigue behavior of asphalt concrete pavements. Fatigue life has been estimated by a fuzzy algorithm taking deformation measurements into account. [37] modeled the deflection behavior of flexible pavements under dynamic loading using FL. FL provided better modeling performance than linear elastic theory and finite element methods. [38] developed an ANN that uses experimental results and finite element method outputs to model the behavior of the free material in the sub-base layer of flexible pavements. The proposed approach was considered suitable for realistic solutions of back-calculation problems. [39] used ANN on modeling emulsified asphalt mixtures. Curing time, cement addition level, and residual asphalt content were used as the input, and the flexibility modulus was used as the output parameters of the model. The development of a 3-layered back propagating ANN provided good results on estimating the flexibility modulus. [40] modeled the Marshall Stability of hot mix asphalt samples exposed to various temperatures under various times. [41] developed an ANN to model the long term aging of the bitumen binder. ANN had better performance and easier usage than the regression models. [42] used artificial intelligence methods to analyze permanent deformations of asphalt mixtures and to investigate the wheel track potential of dense asphalt-aggregate mixtures. Multi Expression Programming (MEP)based straightforward formulas have been developed which are easy tools to use in various engineering applications. ANN have also been used to estimate the results of repeated creep tests [43] and Marshall Stability, flow rate and Marshall Quotient [44] for Polypropylene (PP) modified asphalt mixtures. The physical properties of the asphalt mixture, such as the PP type, PP ratio, AC, sample height, unit weight, VMA, VFA and air voids have been used. [45] used ANN to estimate the rigidity behavior of reclaimed asphalt pavements having rubberized asphalt concrete. ANN performed better than the regression model to estimate the fatigue life of the modified mixtures. ANN are also used to determine the complex modulus of Styrene Butadiene Styrene (SBS) modified bitumen. The bitumen heat, frequency and SBS content [46] and mixing heat, rate, time, experiment temperature and frequency [47] were used as the inputs of the ANN model to determine the complex modulus of SBS modified bitumen. [48] developed two genetic algorithms (GA) to determine the damping ratio and shear modulus of sand-mica mixtures. The mica content and effective stress and strain values were used to determine the damping ratio and shear modulus. A good correlation (R 2 =0.95) was established between the developed model and the test results. [49] developed a heuristic k Nearest Neighbor (k-NN) estimator based on genetic programming to model Marshall Stability test data of asphalt mixtures. The model estimated the Marshall parameters with high accuracy. [50] developed an Adaptive Neuro-Fuzzy Inference System (ANFIS) to determine the wheel track of Polyethylene Terephthalate (PET) modified asphalt mixtures.
PET content, strain levels and test temperatures were used as the input parameters. Comparison with test results proved that ANFIS can be an effective estimation method. [51] simulated the elasticity modulus of hot mix asphalts containing Recycled Concrete Aggregates (RCA) and stone mastic asphalt mixtures using ANFIS. RCA content and test temperatures were used as the input parameters. ANFIS supplied the best results for mixed RCA while the most erroneous results were obtained for coarse RCA when compared with the test results.
EXPERIMENTAL STUDY

Material Properties
In this study, the aggregates used were provided from İsfalt A. Ş. Ümraniye Asphalt Plant. The source of this material is the limestone quarries of Ömerli, Istanbul, located in the northwestern part of Turkey. CaO, of 52.9% content, comprises the main oxide element of the limestone of this region and 75% of the mineralogical composition is calcite. The limestone used for the production has a grey to dark grey color [52] . No. 2, No. 1 and stone powder aggregates were washed, dried and sifted on 3/4", 1/2", 3/8", No. 4, No. 10, No. 40, No. 80 and No. 200 sieves of the shaking machine in accordance with the standards [53] . Weight of the material passing from each sieve was calculated and its distribution was determined according to the Wearing Course Type-1 mixture ratios of the Highway Technical Specifications of the General Directorate of Turkish Highways (Karayolları Genel Müdürlüğü -KGM) [54] . In this study, aggregate No. 2 was taken at 15%, No. 1 at 40% and the stone powder at 45%. The coarse and fine aggregates and mineral filler material had ratios of 51.3%, 41.9% and 6.8%, respectively in the mixture. This aggregate mixture was dense, in other words it was well-graded. The properties of the aggregate are given in Table 1 while the gradation curve of the aggregate mixture is given in Figure 1 . The properties and criteria of this binder were obtained using the tests applied as shown in Table 2 . Optimum AC was determined for different HL content using the Marshall method. For this reason, 3 samples were prepared for each AC, varying between 4.0% and 6.5%, with 0.5% intervals, comprising a total of 18 sample sets. In this study, the mineral filler material percentage of the aggregate mixture with a determined gradation was decreased gradually, and replaced with the same amount of HL. The additive used in the experiment was the powdered calcium lime, produced with the code S-KK 80-T at the Bartın Lime Factory which is located in northern Turkey. The properties of this material which also has one of the lowest densities in the Turkish market, are given in Table 3 . 
Preparation of the Mixtures and the Marshall Test
In this study, to determine the effect of each HL ratio, the mineral filler material content of the mixture was decreased with intervals of 0.5%, and replaced with the HL, in order to prepare various designs. In other words, a different design, in line with the Marshall Method [55, 56] , was prepared for each HL ratio, to determine the optimum AC ratio. Three samples for each of the 6 AC values (2x50 strokes were applied on two sides) were produced for each of the 15 different HL ratios and properties of each sample were determined [57] .
15 different HL ratios were used in the developed model. In order to determine the optimum amount of AC for each different HL ratio, Marshall designs were prepared using 6 different ACs. (In traditional Marshall design methods, curves with 3 rd degree equations produce high precision levels. Thus, the relation between the Marshall parameters and the AC were defined as 3 rd degree curves). Three samples were prepared for each HL-AC pair and the arithmetic mean of the results obtained from the analyses was used in the model. For this reason, 90 data were obtained from the 270 samples in the model. The samples produced were used to develop, train, validate and test the FL and ANN models as will be seen in the following sections. The Marshall designs for different amounts of HL, the optimum AC obtained, and the associated parameters are summarized in Table 4 . Also, the apparent specific gravity values of the sum of the mineral filler and HL (Gsa) are added into the third column of the table. [55, 56] .
The results of this sample set were used in re-testing the validity of the FL and ANN models. Also, the Dp, MS, Va, VFA, VMA, F and MQ values for each optimum AC were obtained from their respective 3rd degree curves and defined as the mathematical model results.
FL MODEL
In this study, each of the input parameters (AC and HL) and the output parameters (Dp, VFA, MS, Va, VMA, F and MQ) of the FL model are defined with 3 membership functions as "low", "medium" and "high". It was considered that the input parameters might not have the same impact on each of the 7 properties of the asphalt samples. In other words, for example, when estimating the MS of the sample, the values of the HL between 3 and 5 can be considered as medium, but when estimating the flow rate the limits of a medium set can be between 2 and 4.5. Therefore, instead of developing a single FL model to estimate the value of the 7 output parameters, 7 separate FL models were developed to estimate each one. Thus, the values of each parameter were estimated with higher precision. The following steps were carried out while developing the FL models:
(a) Fuzzification: First of all, the input and output parameters of each model were fuzzified. In order to develop the simplest models, input and output parameters were divided into 3 fuzzy sets as "low", "medium" and "high" and the triangular membership functions seen in Figure 2 were used to define them. Also, the usage of 3 fuzzy sets defines the rule base with the minimum number of rules. The triangular membership functions are defined with 3 critical points, namely the start (a), the peak (b) and the end (c) points. Points a and c correspond to the membership function value of 0, while b corresponds to the value of 1. (Figures 3-9 ). By using the graphics, rules formed from 2 inputs and a single output parameter were generated. The rules defining the relation between input and output parameters are defined as:
: In the defuzzification process, a single value is extracted from the graphics obtained. A number of methods can be used in defuzzification. In this study, the center of gravity method was preferred due to its simplicity. In this method, the abscissa of the center of gravity of the obtained figure is taken as the output value. [58] defines this value as:
Here, ̅ ( ) represents the projection of the figure on the horizontal axis, a and c represent the abscissa of the start and end points of the figure, respectively and represents the membership function of .
(d) Calibration:
In this study, a GA optimizes the rule base as well as the membership functions, avoiding the risk of using incorrectly defined rules.
Each chromosome that represents the individuals of the GA is comprised of 36 genes as seen in Figure 10 . Genes 1-9, 10-18 and 19-27 are values that represent the critical points of the fuzzy sets of the AC, HL and output parameter, respectively. The first 3 critical points represent the "low", the second 3 represent the "medium" and the last 3 represent the "high" for the start, peak and end points of the set of each parameter. Genes 28-36 represent the 9 rules located in the rule base and take the values of 1, 2 or 3 representing "low", "medium" and "high", respectively. 
Here, n represents the number of data (individuals), y i represents the experiment result and o i represents the outputs of the FL model. Selection of individuals is made by the fitness proportionate selection method. In order to use fitness proportionate selection, solutions having a lower RMSE value should provide a higher fitness value. For this reason, the fitness value of each chromosome is updated by subtracting it from the highest fitness value of the relevant generation. Afterwards, cumulative fitness values are obtained by adding the fitness value of every previous individual onto the value of the current one. The cumulative fitness values are scaled between 0 and 1 by dividing each cumulative fitness value by the sum of all fitness values. Afterwards, the algorithm generates a random value between 0 and 1 and the first individual that has a greater cumulative fitness value than the random value generated is selected as a parent individual. The selection process is completed after selecting 198 parent individuals. Any individual can be selected more than once in this method.
Once the selection phase is completed, cross-over is applied to each parent individual with the probability of P(C) = 1. This means that each parent mates and crosses over with another (or sometimes the same) individual. In the cross-over process, each mating parent individual is cut from a random point and the values at the right hand side of the cutting point is swapped. Thus, two new individuals are formed. In order not to produce individuals having infeasible solutions, the condition a<b<c is checked, each representing the start, peak and end points of the triangular membership function as seen in Figure 2 . If this condition is not fulfilled, b is changed randomly between the values of a and c.
Mutation is applied on each gene of the 198 new individuals with the probability of P(M) = 0.001 upon completion of the cross-over phase. If the random value between 0 and 1, generated for each gene by the algorithm, is smaller than 0.001, then the value of the gene is changed randomly. The a<b<c condition is checked again if the mutation is applied. Afterwards, the 2 best individuals of the previous generation, which have the best fitness values, are copied into the relevant generation in an elitist way to complete a step of the GA. The aforementioned steps are repeated 1000 times before termination of the algorithm.
Upon termination of the GA, a local search method that looks for better solutions (individuals) around the best solution obtained, is applied. In this method, the value of each gene of the best individual is changed with small margins to check whether the fitness function provides a better solution or not. If a lower RMSE value is obtained, the search continues, or else the value of the next gene is changed. If none of the 36 genes provides a better solution, the local search is finalized.
The performance of the GA is affected by the initial values that are generated randomly, as well as the selected parameters. For this reason, each GA developed was run 10 times and the best values obtained were used as the triangular membership functions and rule base of the FL model. Flowchart of the FL model is given in Figure 11 . 
ANN MODEL
Contrary to FL models, ANN is a single network structure, using AC and HL values as input parameters to estimate Dp, VMA, MS, Va, F, VMA and MQ. The number of hidden layers and the number of neurons in each hidden layer were determined using the trial-error method. The best network performance was obtained using 20 neurons in a single hidden layer. The ANN model used is shown in Figure 12 . In order to increase the performance of the ANN model, all input and output parameters were scaled between 0.1 and 0.9 as seen in Eq. 4.
Here, x n represents the input or output value to be scaled, and x min and x max represent the minimum and the maximum values of this parameter in the data set, respectively. Sigmoid function (Eq. 5) is used as the activation function of both the hidden and the output layers. Thus, the output layer of each neuron was scaled between 0 and 1.
( ) = ( 5 )
Of the data with 90 varying AC from the Marshall design with 15 different HL content, 70% were randomly assigned to the training set, 15% to the validation set and 15% to the test set. Gradient descent with momentum method was used in the training of the ANN model developed. Since the ANN model contains 7 different output parameters, the sum of the RMSE of each parameter was selected as the function to be minimized. In this way, all output parameters were optimized simultaneously. The flowchart of the ANN model is given in Figure 13 .
The performance of both the FL and ANN models was also tested using the test results of 45 samples having optimum AC. Both FL and ANN models were developed using MATLAB R2017b ® software and Fuzzy Logic and Neural Network toolboxes. 
RESULTS AND DISCUSSIONS
In this study, the change of hot mix asphalt properties obtained by the addition of HL into the mixture in a wide and precise range was investigated. In this context, 15 Marshall designs were prepared with HL content varying between 0.5% and 6.8% including a sample without any HL additive. In addition to the 270 samples in these designs, 45 control product samples were produced. Marshall test results, performed within the scope of the study, showed that the change of HL and AC content in the mixtures affects the Marshall design parameters. These effects can be summarized as follows:
When the relation between AC-HL ratios and Dp or VFA is examined, Dp and VFA decrease as the HL ratio increases and Dp and VFA increase as the AC ratio increases. In other words, while the ratio of HL is high and the rate of AC is low, Dp and VFA are low and vice versa.
The specific gravity of the HL is lower than that of the mineral filler, thus reducing the specific gravity of the total filler (Mineral filler + HL) in the mixture and also the practical specific gravity of the mixture (Table 4, Figure 14 ). Thus, as the amount of HL increases, the mixture gains a structure with more voids (Table 4, Figure 15 ). Although the aggregate mixture in the study is dense, in other words well-graded, this condition continues to be observed due to the low density of the HL. 
Figure 18 -Effect of HL on MQ and air voids
As is well-known, MQ is used as a measure of the rigidity of the mixture and its resistance to deformation. MQ helps to evaluate the deformation strength of the asphalt specimens produced and shows the fractural strengths of the mixtures during displacement. In this respect, it can be said that mixtures with higher MQ cause less displacement at the time of fracture. When the HL ratio increases in the mixtures, Gsa and Dp are reduced. In parallel, MQ also has a tendency to decrease in this context ( Table 4 , Figure 17 ). Similarly, in parallel with the increase in HL ratio, the decrease in MQ is observed when the air voids in the mixtures increase (Table 4 , Figure 18 ).
When the relationship between AC-HL ratio and Va or VMA is examined, Va and VMA increase as the ratio of HL increases, and Va and VMA decrease as the AC ratio increases. That is, while the HL ratio is high and the AC ratio is low, Va and VMA are high and vice versa. When the HL is almost the same size as the mineral filler material and is a material with a high void ratio, then as the amount of HL in the mixture increases, the aggregate gradation is also affected and the total amount of voids increases. This increase causes a decrease in the MQ.
The HL ratio in the mixture can be evaluated differently from the other parameters for MS and F. The highest MS values were obtained in the mixture where HL was used at 1%. The increase in AC ratio decreases the MS value.
Testing of the results found by conventional methods using the models established with the help of soft computation methods guides the decisions in systematic control of the obtained data. This contributes to making the decision making processes more reliable and faster. Findings of the model comparisons obtained within the scope of the study can be summarized as follows:
In order to measure and compare the performances of the developed models, the determination coefficient (R 2 ), mean, and minimum and maximum error values were calculated for the model and test results. Table 6 shows the comparison between each model developed with the test results for 90 samples having various bitumen contents. Table 7 According to Table 6 , it is seen that ANN provides better results in estimating the Marshall design parameters than the FL and ANN models. This is an expected outcome since the mathematical model was developed to give the best result for the provided samples. According to Table 7 , the performance of the mathematical model is the lowest compared to the FL and ANN models in terms of R 2 and error values. This shows that the mathematical model performs well only for its own data set and is not suitable for generalization. It can be seen that the FL model, like the mathematical model, is not very successful in predicting the values of the samples having optimum bitumen content. The generalization performance of the ANN model is the best amongst the three models developed.
The low generalization performance of the mathematical model indicates that the superstructure designs made using this calculation method cannot show the expected performance and may encounter different types of deformations before the end of their desired service life. The FL model also fails to provide satisfactory performance in estimating the Marshall design parameters. The main reason for this low performance may be that the developed model is kept as simple as possible. For example, expressing each input and output value with more than 3 classes could significantly increase the model performance.
However, the identification of too many classes will cause the model to become unnecessarily complicated and may reduce the ability to generalize. It is seen that the ANN model can estimate the Dp, VFA and Va of the samples more accurately than the remaining parameters. Nevertheless, the overall performance of the ANN model is lower when compared with similar studies [40, 43, 44, 47, 59] [43] ; on the SBS modified bitumen in [47] ; and from the test results of permanent deformations on asphalt-concrete mixtures modified with nano additives in [59] . All 3 studies obtained high correlation coefficients (R 2 > 0.90) between the test and ANN model results. In this study, such high coefficients were obtained only for the Dp, VFA and Va values of the 90 samples with different AC.
Between the two different models developed within the scope of the study, the ANN model provides better results. However, the R 2 values obtained with the estimations made by this model gave lower predictive values for some parameters (MS, F) while providing better estimates for the remaining parameters compared to [60] on the estimation of the Marshall parameters of bituminous mixtures using artificial intelligence techniques. One of the reasons for this performance is the attempt to estimate seven different parameters using only two input values, AC and HL. There may be different factors that affect each of these seven parameters. Determination of these factors and incorporation of them into the model could lead to much better performance values. Another reason is the possibility of measurement errors in the samples in the laboratory tests. When looking at the data in this light, then for example, a flow rate of 6.52 mm (Table 4 ) appears to be an extremely high value. When these measurement errors are eliminated, the performance of the models can also increase significantly. In addition, the presence of only limited samples with the optimum bitumen content is another reason why the performance, especially the R 2 value, is low. Also, more samples having optimum bitumen content for different HL contents can be developed and tested in order to improve the performance of the models. It shall be noted that the prediction performance of the models is valid only for the given data set. As the data set increases with experiments carried out using different materials, the superiority of one model over another may also change.
CONCLUSIONS
In this study, the effect of the use of HL as an additive in asphalt mixtures on the Marshall parameters was investigated and it was observed that the use of additive materials changes the properties of the mixture and also depends on the AC ratio. In general, it is possible to say that Dp and VFA values decrease and Va and VMA values increase due to an increase in HL ratio. When the relationship between HL and AC is evaluated, it is possible to say that due to the porous structure of the HL, as its usage rate in the mixtures increases, the AC ratio that has to be used in the mixtures also increase. In addition, the highest MS values from the experimental results were found to be obtained for 1% HL usage rate, also depending on the AC content, and the yield values in the relevant ratio were found to be acceptable.
Estimating the properties of asphalt samples with HL additive by using artificial intelligence methods is a rather simple, fast and inexpensive solution compared to making laboratory tests on each sample. This study shows that a model developed using preliminary test results can be used to estimate the Marshall design parameters such as Dp, VMA, Va, MS, VFA, F and MQ of asphalt samples. Naturally, since the developed models have been calibrated for certain materials, they will work well for mixtures prepared by using the materials obtained from the same source and having the same material properties. If the material properties change, a re-calibration process will be required. Once this calibration is done, the models will be able to produce effective results for every mixture of materials having the same feature. Various specifications indicate the upper and lower limit values for the Marshall design parameters of the asphalt samples. Using advanced artificial intelligence methods, designs with different AC and HL values can be checked as to whether they meet the specified limits or not, without further need for laboratory tests. In addition, the models can be further developed to determine the asphalt mixture having the lowest cost that will meet the required ranges in the specifications. 
